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< A, gEH o|EE S 1B{tt MAPTZL 2117t ISR
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=  SMAC / GRF (50,0007l), MaMuJoCo / Bi-Dexhands (30,0007H)

Training with Training with - .

Tasks task rewards demonstations Training with preferences
| MAT OMAR | MA-MLP MA-LSTM MA-Transformer MAPT (Ours.)
3m 20.0+0.00 19.82+0.02 0.66+0.01 19.87+0.11 0.87+0.03 19.98+0.05
385z 20.00+0.02 19.87+0.11 1.77£0.17 14.52+0.49 5.86+0.28 19.59+0.42
6h vs 8z 19.78+0.07 18.33+0.15 0.57+0.14 9.76+0.15 6.36+0.17 17.05+£0.53
MMM?2 20.52+0.09 15.99+0.22 0.80+0.05 1.39+0.08 1.89+0.16 3.68+0.10
Jvsl 4.89+0.02 4.55+0.34 0.72+0.06 1.31+0.03 1.060.02 3.78+£0.07
counter attack 4.77+0.16 1.14+0.18 2.98+0.08 0.83+0.06 0.24+0.06 4.21+£0.10
pass and shoot 4.83+0.11 2.7240.58 2.20+0.06 1.90+0.03 0.66+0.06 4.76x0.04
CatchOver 25.3240.88 16.85+1.21 8.62+0.34 25.34+1.59 4.7540.13 25.12+0.64
DoorOpenlnward 402.13+0.44 114.47434.31 | 224.96+31.32 242 4243392 171.23£14.53 372.60+11.38
DoorOpenQOutward 440.17+£2 .46 113.62+12.85 64.95+4 46 123.76+12.88 28.88+7.85 228.08+10.98
DoorCloseQutward 081.82+0.43 818.76+2.43 | 515.81+36.61 T37.67+£25.29 492.45+28.05 786.70+26.03
HalfCheetah 6x1 | A483.95+74.75 \ 4088.93+165.67 | -88.75+11.62  1132.20+116.15 1317.90+147.77 2423.50+128.33
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Openln. | 292.16+x11.38 23.43+£0.95 182.13£13.68
CloseOut. | 786.70+£26.03 718.16+x22.38 782.37+24.05
385z 19.59+0.42 8.32+0.38 9.09+£0.10
6h vs 8z 17.05+£0.53 13.26+0.31 5.56x0.04
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%  Global-local E€X|dat H4F & ALRO| EQPd/dS 1E{et AMADPOZ| 1t a7} AUS71?
= HA Do J|H B direct preference optimization2] PHE 0| Z xR E
Difficalty Task __ Dataset _ BC ICQ  ICQ:MLPICQ+LSTM ICQ+PT ICQ:MAPT CPL __ DPPO _ Ours
. Low  3.74:131 5791.19 0.14+0.06 4.16£0.72 502+0.25 4.29+1.03 5.12+1.38 5.7223.26 8.79+1.47
Medium 4.79+0.57 7.68+1.26 0.1620.09 10.6£1.49 9.72+1.68 11.1%2.6 6.67+0.9 6.1143.87 8.56:0.93
. Low  3310.15 5.00+1.66 0.17+0.03 0.1740.06 0.17+0.09 0.17+0.07 3.64:0.26 2.94+0.24 9.83+0.51
asy Medium 4.43+0.33 11.54£1.46 274023 27+0.67 27+054 274005 7.41+145 10.28+28214.97+1.46
2 Low  4.56+0.78 8.13£0.61 5.26+0.57 8.44£095 6.89+0.75 0524038 652+2.12 3.11+1.74 9.07+0.33
Medium 5.77+0.95 13.9+0.78 0.51+0.39 11134029 12.45+04605+037 95+1.14 3574111 13.04+0.32
lses, | Low 678129 788016 2324021 282+0.15 33:08 368035 9.44+0.847.74x0.26 8.47+0.93
Medium 8.76+0.41 17.7+1.11 4.69+0.18 6.79+431 3.07+034 8.08+525 12.7+0.35 11.04+0.1312.62+0.26
s v s, Low 54%033 666x065 274048 226063 474021 269%063 6.67131552+0.24 5.95£123
VS Medium 8.79+1.61 1154134 1.68+0.65 1.8240.66 1.03+0.22 1.65+1.45 8.96+4.62 9.47+2.67 12.53+1.60
o e g LOW 538129 5284041 032021 4026015 53+08 468:035 3714023 268032 6.2240.24
™ Medium 483031 5.36£0.63 0715024 2876024 3.07+0.34 5784035 45+034 3.69+0.16 6.42+0.42
G e o LOW 538129 6394118 032021 8024139 53+08 69+108 7024138 746133 8.55+1.14
VEIM Medium 4.83+031 9574058 0354024 3.2140.25 8.75+0.26 9.54+0.48 7.52+0.37 3.04+0.48 11.88+0.58
o e 11 LOW  AT74047 892£016 0.14:0.06 9.47+0.99 7.62£029 9.71+0.18 782:0.19 6.54+0.34 8.94+0.26
VLM e dium 5.06£037 8.95+0.36 0.1340.09 9.63+0.13  9.6+0.65 10.120.32 8.13+0.23 10.06+0.329.13+0.16
Vvz | [OW  266%027 6372036 0258020 416015 G648+045 6105059 4558024 3.67%0.22 6.58+0.47
Medium 3.21+0.25 9.14+032 0.210.19 3.684058 6.74+0.86 580+043 7.42+1.45 8.36+1.66 9.54+0.88
(hves, LOW 5795013 7.22+0.64 531£059 5504058 702079 5.6540.63 672+0.63 6.88+045 6.97+0.25
Super "=V Medium 3.2140.25 11.3+0.75 1.2140.56 2.63+052 5.56+£0.45 1.3040.69 8.69+0.67 6.62+0.26 9.34+0.70
Mard .. Low 533022 6.69+0.50 1441052 166£062 162+0.84 6054042 642+053 452018 7.06:0.49
Medium 6.66+0.57 10.4+0.45 1332046 1.114042 2.1940.55 0.632043 7.75£0.22 5424056 13.7+0.33
ss ve 3eg, LOW 5628033 7742019 1494026 056£022 8.02£023 2.69+253 6.56+0.19 4924043 8.09:+0.99
—VS_IS0Z M tedium 7.24+0.14 13.8940.47 0.74+0.26 10.120.36  6.12+0.35 0.61£029 7.8+0.15 6.29+0.46 14.1420.47
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